Cross-project defect prediction (CPDP) plays an important role in estimating the most likely defect-prone software components, especially for new or inactive projects. To the best of our knowledge, few prior studies provide explicit guidelines on how to select suitable training data of quality from a large number of public software repositories. In this paper, we have proposed a training data simplification method for practical CPDP in consideration of multiple levels of granularity and filtering strategies for data sets. In addition, we have also provided quantitative evidence on the selection of a suitable filter in terms of defect-proneness ratio. Based on an empirical study on 34 releases of 10 open-source projects, we have elaborately compared the prediction performance of different defect predictors built with five well-known classifiers using training data simplified at different levels of granularity and with two popular filters. The results indicate that when using the multi-granularity simplification method with an appropriate filter, the prediction models based on Naïve Bayes can achieve fairly good performance and outperform the benchmark method.
Introduction
Software defect prediction is a research field that seeks effective methods for predicting the defect-proneness in a given software component. These methods can help software engineers allocate limited resources to those components that are most likely to contain defects in testing and maintenance activities. Early studies in this field usually focused on Within-Project Defect Prediction (WPDP), which trained defect predictors from the data of historical releases in the same project and predicted defects in the upcoming releases or reported the results of cross-validation on the same data set (He et al., 2012) . Zimmermann et al. (2009) stated that defect prediction performs well within projects as long as there is a sufficient amount of data available to train prediction models. However, such an assumption does not always hold in practice, especially for newly-created or inactive software projects. For example, Rainer et al. (2005) conducted an in-depth analysis on SourceForge 1 and found that only 1% of software projects on SourceForge were actually active in terms of their metrics.
Fortunately, there are many on-line public defect data sets from other projects that are freely available and can be used as training data sets (TDSs), such as PROMISE 2 and Apache 3 . Thus, some researchers have been inspired to overcome the above problem of WPDP by means of Cross-Project Defect Prediction (CPDP) (He et al., 2012; Zimmermann et al., 2009; Peters et al., 2013; Rahman et al., 2012; Briand et al., 2002; Turhan et al., 2009; Herbold, 2013) . In general, CPDP is the art of using the data from other projects to predict software defects in the target project with a very small amount of local data. CPDP models have been proven to be feasible by many previous studies (He et al., 2012; Rahman et al., 2012) . However, He et al. (2012) found that the overall performance of CPDP was drastically improved with suitable training data, while Turhan et al. (2009) also affirmed that using a complete TDS would lead to excessive false alarms. That is, data quality, rather than the total quantity of data, is more likely to affect the outcomes of CPDP to some extent.
There is no doubt that the availability of defect data sets on the Internet will continue to grow, as will the popularity of open-source software. The construction of an appropriate TDS of quality gathered from a large number of public software repositories is still a challenge for CPDP (Herbold, 2013) . To the best of our knowledge, there are two primary ways to investigate this issue. On the one hand, many researchers have attempted to reduce data dimensions using feature selection techniques, and numerous studies have validated that a reduced feature subset can improve the performance and efficiency of defect prediction (Lu et al., 2012; He et al., 2014) . On the other hand, few researchers have attempted to simplify a TDS by reducing the volume of data (He et al., 2012; Peters et al., 2013) to exclude irrelevant training data and retain those that are most suitable. Figure 1 shows a simple summary of the state-of-theart methods related to the topics of interest in this paper (see the contents with a gray background). Prior studies have attempted to reduce irrelevant training data at different levels of granularity, e.g., release-level (He et al., 2012 ) and instance/file-level (Turhan et al., 2009) . Unfortunately, they all dealt with training data simplification based on a single level of granularity. Furthermore, different filtering strategies were recently proposed to improve the selection of suitable training instances in a TDS (Peters et al., 2013) . Although these methods seem very promising separately, we actually do not know how to choose the most appropriate filter when dealing with a specific defect data set of a given project. In other words, they did not offer any practical guidelines for the decisionmaking on which granularity, strategy for instance selection and classifier should be preferably selected in a specific scenario.
Considering the importance of defect prediction in software development and maintenance phases, TDS simplification on data volume is the key to achieving better prediction results, as the data from other projects available on the Internet is everincreasing. As shown in Figure 1 , to obtain an appropriate TDS of quality, we should take the two chief factors affecting training data simplification into account. Hence, the goal of this study is to propose a method to simplify a large amount of training data for CPDP in terms of different levels of granularity and filtering strategies for instance selection. We also attempt to discover useful guiding principles that can assist software engineers in building suitable defect predictors. To accomplish the above goals, we focus mainly on exploring the following research questions:
RQ1: Does our TDS simplification method perform well compared with the benchmark methods?
The quality of training data is one of the important factors that determine the performance of a defect predictor. TDS simplification is performed to obtain high quality training data by removing irrelevant and redundant instances. The state-of-the-art simplification methods are designed at a single level of granularity of data, and each one has its good and bad points. Hence, the goal of this research question is to examine whether our method based on a multi-granularity simplification strategy performs as well as (or outperforms) those up-to-date methods.
RQ2: Which classifier is more suitable for CPDP with our TDS simplification method?
The findings of previous studies indicate that some simple classifiers perform well for CPDP without training data simplification, such as Logistic Regression and Naïve Bayes (Hall et al., 2012) . For this research question, we would like to validate whether simple classifiers can also achieve better prediction results based on a simplified TDS.
RQ3: Which filter for instance selection should be preferable in a specific scenario? The filtering strategy (also known as the filter) determines how those appropriate instances in a TDS are selected and preserved. Currently, two types of filters for instance selection exist, i.e., training set-driven filter and test setdriven filter. However, the application contexts of the two filters remain unclear. Thus, the goal of this research question is to find a quantitative rule for filter selection, to improve the prediction performance based on a single type of filter.
The contribution of our work is twofold:
• We proposed a multi-granularity TDS simplification method to obtain training data of quality for CPDP. Empirical results show that our method can filter out more irrelevant and redundant data compared with the benchmark method. Moreover, the predictors trained by the simplified TDS according to the method can achieve better prediction precision as a whole.
• We first provided practical decision rules for an appropriate choice between the two existing filtering strategies for training data simplification in terms of defect-proneness ratio. Empirical results show that the reasonable selection of filters can lead to better prediction performance than a single type of filter.
We believe that the results of our study could be a stepping stone for current and future approaches to practical CPDP, as well as a new attempt for software engineering data simplification with new learning techniques such as transfer learning in the era of Big Data.
The rest of this paper is organized as follows. Section 2 is a review of related work. In Section 3, we introduce the method for TDS simplification in detail, and in Section 4, we evaluate our experiments with a case study based on 10 opensource projects. Section 5 and Section 6 present and discuss our findings and the threats to validity, respectively. Finally, we conclude this paper and present an agenda for future work in Section 7.
Related Work

Cross-Project Defect Prediction
Because it is sometimes difficult for WPDP to collect sufficient historical data, CPDP is currently popular within the field of defect prediction. To the best of our knowledge, Briand et al. (2002) conducted the earliest study on CPDP, and they applied the prediction model built on Xpose to Jwriter. The authors validated that such a model performed better than the random model and outperformed it in terms of class size. However, Zimmermann et al. (2009) conducted a large-scale experiment on data vs. domain vs. process, and found that only 3.4% of 622 cross-project predictions actually worked. Interestingly, CPDP was not symmetrical between Firefox and Microsoft IE, that is, Firefox is a sound defect predictor for Microsoft IE, but not vice versa. Similar results are reported in Posnett et al., 2011; Bettenburg et al., 2012) . Turhan et al. (2009) proposed a nearest-neighbor filtering technique to prune away irrelevant cross-project data, and they analyzed the performance of CPDP based on 10 projects collected from the PROMISE repository. Moreover, they investigated the case where prediction models were constructed from a blend of within-and cross-project data, and concluded that in case there was limited local data (e.g., 10% of historical data) of a target project, such mixed project predictions were viable, as they performed as well as within-project prediction models (Turhan et al., 2013) . Rahman et al. (2012) conducted a cost-sensitive analysis on the efficacy of CPDP based on 38 releases of nine large Apache Software Foundation (ASF) projects. Their findings revealed that the cost-sensitive cross-project prediction performance was not worse than the within-project prediction performance, and it was substantially better than the random prediction performance. Peters et al. (2013) introduced a new filter to realize better cross-company learning compared with the stateof-the-art Burak filter (Turhan et al., 2009 ). The results showed that their approach could build 64% more useful predictors than both within-company and cross-company approaches based on the Burak filter, and demonstrated that the training set-driven filter was able to achieve better prediction results for those projects without sufficient local data. He et al. (2012) conducted three experiments on the same data sets used in this study to test and verify the idea that training data from other projects can provide acceptable prediction results. They further proposed an approach to automatically select suitable training data for those projects that lack local historical data. Towards efficient training data selection for CPDP, Herbold (2013) proposed several useful strategies according to 44 data sets from 14 open-source projects. The results demonstrated that their selection strategies improved the achieved success rate of CPDP significantly, but the quality of the results was still unable to outstrip WPDP.
The review reveals that previous studies focused mainly on the feasibility of CPDP and the selection of suitable training data at a single level of granularity of data. However, relatively little attention has been paid to empirically exploring the impact of TDS simplification in terms of different levels of granularity on prediction performance. Moreover, little is known about the decision rule for a proper choice among the existing filters for instance selection.
Defect Prediction with Transfer Learning
Transfer learning techniques have attracted more and more attention in machine learning and data mining over the last several years (Pan and Yang, 2010) , and the successful applications include software effort estimation (Kocagune et al., 2014 ), text classification (Xue et al., 2008) , name-entity recognition (Arnold et al., 2007) , natural language processing and email spam filtering (Zhang et al., 2007) . Recently, CPDP was also deemed as a transfer learning problem. The problem setting of CPDP is related to the adaptation setting in transfer learning for building a classifier in the target project using the training data from those relevant source projects. Thus far, transfer learning techniques have been proven to be appropriate for CPDP in practice (Nam et al., 2013) .
To harness cross-company defect datasets, Ma et al. (2012) utilized the transfer learning method to build faster and highly effective prediction models. They proposed a novel algorithm that used the information of all the suitable features in training data, known as Transfer Naïve Bayes (TNB), and the experimental result indicated that TNB was more accurate in terms of AUC (the area under the receiver operating characteristic curve) and less time-consuming than benchmark methods. Nam et al. (2013) applied the transfer learning method, called TCA (Transfer Component Analysis), to find a latent feature space for the data of both training and test projects by minimizing the distance between the data distributions while preserving the original data properties. After learning the latent space in terms of six statistical characteristics, i.e., mean, median, min, max, standard deviation and the number of instances, the data of training and test projects will be mapped onto it to reduce the difference in the data distributions. The experimental results for eight open-source projects indicated that their method significantly improved CPDP performance.
In general, although the above studies improve the performance of CPDP, they are time-consuming in that their experiments were conducted at the level of instances (files). In this study, to overcome the data distribution difference between source and target projects, we have also adopted the transfer learning method, which was applied to the releases available from different projects.
Methodology
In this paper, CPDP is defined as follows: Given a source project P S and a target project P T , CPDP aims to achieve the target prediction in P T using the knowledge extracted from P S , where P T P S . Assuming that source and target projects have the same set of features, they may differ in feature distribution characteristics. The goal of our method is to learn a model from the selected source projects (training data) and apply the learned model to a target project (test data). Based on prior studies on CPDP, the TDS simplification process for CPDP is both explained in the following paragraphs and illustrated in Figure 2 . Specifically, unlike previous studies, we introduce two levels of granularity and two types of filtering strategies for TDS simplification based on characteristic and instance vectors.
In brief, our method for TDS simplification has two key steps. The first step is selecting k candidate releases that are most similar to the target release in terms of data distributional characteristics. The second is choosing the k nearest instances of each test instance from those candidate releases according to suitable filtering strategies. Based on different classifiers, defect predictors can be trained from the simplified TDS, and then are applied to test data.
In our context, a release R contains m instances (.java files), represented as R = {I 1 , I 2 , · · · , I m }. An instance can be represented as I i = { f i1 , f i2 , · · · , f in }, where f i j is the j th feature value of the instance I i , and n is the number of features. Meanwhile, a feature vector can be represented as
where f ji is the value of the j th instance for the feature F i , and m is the number of instances. An initial TDS-an aggregate of multiple data sets-is often comprised of many releases from different projects: S = {R 1 , R 2 , · · · , R l }, where l is the number of releases. The distributional characteristic vector of a release can be formulated as
where C k is the distribution of the feature F k and can be written as Figure 3 ). For the meaning of the statistical characteristics S C s , please refer to Table 1 .
Level of Granularity
For CPDP, one of the easiest methods is to directly train prediction models without any TDS simplification methods. During this learning process, all of the data from other projects are utilized as a TDS. Take the experimental datasets used in this paper as an example; Table 2 shows the prediction results of CPDP without TDS simplification. Clearly, the average number of training instances is much greater than the size of each test set. More detailed information of the experimental datasets will be introduced in Section 4.1. In fact, our experimental The numeric value separating the higher half of a population from the lower half Mean
The average value of samples in a population; specifically, it refers to arithmetic mean in this paper Min
The least value in a population Max
The greatest value in a population St. D
The square root of the variance data occupied a very small fraction of the public defect data available on the Internet. On the one hand, although it does not matter for computing resources and time complexity, for a learning process based on a vast amount of training data, it is cost-sensitive and not practical for software engineers; on the other hand, this decreases the accuracy of prediction models to some extent (He et al., 2012; Turhan et al., 2009) . Therefore, how to obtain the right training data by TDS simplification becomes meaningful (Peters et al., 2013) . rTDS: The TDS simplification at the release level is a simple and coarse-grained method, referred to as rTDS. The coarsegrained simplification of training data often uses the k-Nearest Neighbors algorithm to measure the similarity (via Euclidean distance 4 ) between the release V training and the release V target . That is, the k nearest candidate releases are selected as the ultimate TDS (He et al., 2012; Turhan et al., 2009; Herbold, 2013) . In our study, a data set is a release of a project, and five commonly-used indicators, i.e., max, min, median, mean, and standard deviation, are involved in describing the statistical characteristics (SCs) of a release (see Table 1 ). Thus, the distance between two releases can be formulated as:
iTDS: Compared with the rTDS, the fine-grained TDS simplification should be conducted based on the computation of the similarity between the instance I training and the instance I target , which is referred to as iTDS. It returns the k nearest training instances for each target instance I target by calculating their Euclidean distance (Peters et al., 2013; Nam et al., 2013) . Thus, the distance between two instances can be formulated as:
Considering that there are a large number of on-line public defect data sets available for use as candidate training data, and that the number is still growing fast, it is impractical to completely calculate the distances of all instance pairs by the iTDS. However, using the rTDS alone may cause excessive false alarms because of the inclusion of many irrelevant training instances. Thus, we propose a two-step strategy for TDS simplification-riTDS, which obtains the coarse-grained set rTDS first and then simplifies it by a fine-grained method such as the iTDS. This strategy can be interpreted as a combination of the aforementioned two cases, also named as a multigranularity simplification strategy. In other words, we first select the k nearest releases, instead of all releases available, as the candidate training data rTDS. Subsequently, we further simplify the coarse-grained set rTDS at the instance level according to suitable filters.
Filter for Instance Selection
For the riTDS, in the second step, there are two state-ofthe-art filters for instance selection according to the choice of reference data. One is driven by the test set and returns the k nearest instances in the set rTDS for each test instance directly (abbreviated to riTDS-1 in our context). This filter is to ensure that the information of each test instance is fully utilized, and it is referred to as a test set-driven filter. The other is just the opposite; it is training data-driven via labeling of the k nearest test instances for each training instance first and then returning of the nearest training instance of each labeled test instance (abbreviated to riTDS-2 in our context). Clearly, in this case, it is possible that some test instances are never labeled as the nearest instance for certain training instances. Therefore, not all test instances will be utilized in favor of training instances. The informal description of these two types of filters is shown in Figure 4 . To the best of our knowledge, the Burak filter (Turhan et al., 2009 ) and the Peters filter (Peters et al., 2013) are the typical representatives of these two types of filters. For more details of their implementation, please refer to the related literature. Note that our primary goal in this section is to find some helpful guidelines for software engineers to definitely discriminate the application contexts of each filter, instead of improving the performance of these existing filters. Algorithm 1 formalizes the implementation of the riTDS with regard to these two filters.
Case Study
Data Setup
In this study, 34 releases of 10 open-source projects available in the PROMISE repository are used for our experiments. Detailed information of the releases is listed in Table 3 , where #Instances represents the number of instances in a release, and the number of defects and the proportion of buggy instances are listed in the corresponding columns #Defects and %Defects, respectively. Each instance in a release represents a class (. java) file and consists of 20 software metrics (independent variables) and a binary label for the defect proneness (dependent variable). Table 4 presents all metrics used in this study as well as their descriptions. For those readers who are interested in the datasets, please refer to (Jureczko and Madeyski, 2010) .
Before performing a cross-project defect prediction, we need to select a target data set and its appropriate TDS. Each one in the 34 releases was selected to be the target data set once, i.e., we repeated our approach for 34 different cross-project defect predictions. With regard to our primary objective, we set up an initial TDS for CPDP, which excluded any releases from the target project. For instance, for Xalan-2.5, the releases Xalan-2.4 and Xalan-2.6 cannot be included in its initial TDS.
Algorithm 1 A two-step strategy for TDS simplification
Input:
1: Candidate TDS set S = {R 1 , R 2 , · · · , R N }; 2: Target release R target = {I 1 , I 2 , · · · , I m }; 3: Number of selected releases r; 4: Filtering strategy F = {training set-driven, test set-driven}; Method: 5: Let rT DS be the top r nearest releases of R target in S ; 6: Let riT DS be the simplified training set; 7: Initialize rT DS ← ∅, riT DS ← ∅, r = 3; 8: while r > 0 do 9:
// r = 1, 2, 3 in this paper 10:
// return the r nearest releases for R target in terms of distance R
11:
rT DS ← KNN(S , R target , r);
if F ← training set-driven then
13:
for each instance I ∈ R target do 14:
// return its k nearest instances in rT DS in terms of distance I
15:
tempS et ← KNN(rT DS , I, k);
end for 17:
riT DS ← tempS et;
18:
for each instance I ∈ rT DS do 20:
// label its k nearest instances in R target in terms of distance I
21:
labelMap ← Label(I, R target , k); for each instance I ∈ tempS et do 25:
// return its nearest instance I (I ∈ rT DS ) according to the labelMap, if a test instance's nearest instance has been chosen, select the next nearest one.
26:
riT DS ← riT DS ∪ {I }; Note that, there is a preprocessing that transforms the bug attribute into a binary value before using it as the dependent variable in our context. According to our prior work (He et al., 2014) , we find that the majority of class files in the 34 data sets have no more than 3 defects, and the ratio of instances with more than 10 defects to the total instances is less than 0.2%. In a word, a class is non-buggy only if the number of bugs in it is equal to 0. Otherwise, it is buggy regardless of the number of bugs. Similar preprocessing has been used in several prior studies, such as (He et al., 2012; Peters et al., 2013; Turhan et al., 2009 Turhan et al., , 2013 Herbold, 2013) .
Moreover, some prior studies have suggested that a logarithmic filter on numeric values might improve prediction performance because of the highly skewed distribution of feature values (Turhan et al., 2009; Menzies et al., 2002) . In this paper, for each numeric value f i j , f i j = ln( f i j + 1), where f i j is the new value of the original value f i j . There are some other commonly used methods for numeric values preprocessing, such as max-min and z-score methods (Nam et al., 2013) . 
Experimental Design
Based on the prediction results of the predictors trained without TDS simplification (see Table 2 ), the entire framework of our experiments is illustrated in Figure 5 .
First, to make a comparison between our method and the benchmark methods, three types of TDS simplification methods were considered in our experiments: (1) coarsegrained TDS simplification (rTDS), which uses the nearest k training releases of the target release as training data; (2) finegrained TDS simplification (iTDS), which uses the nearest k training instances of each target instance as training data; and (3) multi-granularity TDS simplification (riTDS), which selects suitable training instances from the set rTDS. For the rT DS and the iT DS , they were built based on a single level of granularity of data. For the riT DS , we designed two variants with the two filters (riTDS-1 and riTDS-2) to simplify the set rTDS. Second, we applied five typical classifiers for building defect predictors and compared their impacts on prediction results of the three types of TDS simplification methods in terms of evaluation measures.
Third, on the basis of the filtering strategies, we further sought the decision rule to determine an appropriate filter for a given data set and tested its effectiveness compared with the results of the above methods with a single type of filter.
Classifiers
In this study, prediction models were built with five well-known classification algorithms-namely, J48, Logistic Regression (LR), Naïve Bayes (NB), Support Vector Machine (SVM) and Random Forest (RF)-used in prior studies. All classifiers were implemented in Weka 5 . For our experiments, we used the default parameter settings for different classifiers specified in Weka unless otherwise specified.
J48 is an open source Java implementation of the C4.5 decision tree algorithm in Weka, which is an extension of the ID3 algorithm and uses a divide and conquer approach to growing decision trees. For each variable X = {x 1 , x 2 , · · · , x n } and the corresponding class Y = {y 1 , y 2 , · · · , y m }, the information entropy and information gain are calculated as follows (Bhargava et al., 2013) :
where P(x i ) is the probability that X = x i , and P(x i , y j ) is the probability that X = x i and Y = y j .
Naïve Bayes (NB) is one of the simplest classifiers based on conditional probability, and it is termed as "naïve" because it assumes that features are independent, that is, P(X|Y) = n i=1 P(X i |Y), where X = (X 1 , · · · , X n ) is a feature vector and Y is a class. Although the independence assumption is often violated in the real-world, Naïve Bayes has been proven to be effective in many practical applications (Rish, 2001) . A prediction model constructed by this classifier is a set of probabilities. Given a new class, the classifier estimates the probability that the class is buggy, based on the product of the individual conditional probabilities for the feature values in the class. Equation (4) is the fundamental equation for the Naïve Bayes classifier.
Logistic Regression (LR) is used to learn functions of the form P(Y|X) in the case where Y is a discrete value and X = (X 1 , . . . , X n ) is any vector containing continuous or discrete values, and it directly estimates its parameters from training data. In this paper, we will primarily consider the case where Y is a binary variable (i.e., buggy or non-buggy). Note that the sum of equation (5) and equation (6) must equal 1, and w is the weight (Rish, 2001) .
and
Support Vector Machine (SVM) is typically used for classification and regression analysis by finding the optimal hyperplane that maximally separates samples in two different classes. To classify m instances in the n−dimensional real space R n , the standard linear SVM is usually used. A prior study conducted by Lessmann et al. (2008) showed that the SVM classifier performed as well as the Naïve Bayes classifier in the context of defect prediction.
Random Forest (RF) is a combination of tree predictors such that each tree depends on the values of a random vector sampled independently and with the same distribution for all trees in the forest (Breiman, 2001) . In other words, RF is a collection of trees, where each tree is grown from a bootstrap sample. Additionally, the attributes used to find the best split at each node are a randomly chosen subset of the total number of attributes. Each tree in the collection is used to classify a new instance. The forest then selects a classification by choosing the majority result.
Evaluation Measures
A binary classifier can make two possible errors: false positive (FP) and false negative (FN). A correctly classified defective class is a true positive (TP) and a correctly classified non-defective class is a true negative (TN). The prediction performance measures used in our experiments are described as follows:
• Precision (prec) addresses how many of the defective instances returned by a model are actually defective. The higher the precision is, the fewer false positives exist.
• Recall (pd) addresses how many of the defective instances are actually returned by a model. The higher the recall is, the fewer false negatives exist.
• pf (probability of false alarm) measures how many of the instances that triggered the predictor actually did not contain any defects. The best p f value is 0.
• f-measure can be interpreted as a weighted average of Precision and Recall. The value of f-measure ranges between 0 and 1.
• g-measure (the harmonic mean of pd and 1 − p f ): 1 − p f represents Specificity (the proportion of correctly identified defect-free instances) and is used together with pd to form the G-mean 2 measure. In our paper, we use these to form the g-measure as defined in (Peters et al., 2013) .
• Accuracy (acc) measures how well a binary classification correctly identifies. The higher the accuracy is, the fewer errors made by a classifier exist. In this paper, it is used to measure the proportion of true recommendation results when answering the RQ3 in the following section.
• AUC (the area under the Receiver Operating Characteristic (ROC) curve) is the portion of the area of unit square, equal to the probability that a classifier will identify a randomly chosen defective class higher than a randomly chosen defect-free one (Fawcett, 2006 ). An AUC value less than 0.5 indicates a very low true positive rate and high false alarm. As we know, compared with traditional accuracy measures, AUC is more suitable to reflect the performance of predictors regarding the problem of class distribution imbalance. Therefore, we also use AUC to evaluate the most suitable classifier for our method in RQ2.
In fact, the difference between the training set-driven filter and the test set-driven filter is determined by which data set (TDS or test) contains more information about defects (Peters et al., 2013) . To reflect the comparison of defect information between TDS and the test set, the concept of defect proneness ratio (DPR) is introduced in our experiments. DPR represents the ratio of the proportion of defects in the training set to the proportion of defects in the test set. Intuitively, when the value is approximately one, the relative proportions of defects in TDS and in the test set reach equilibrium.
Results
We organize our results according to the three research questions proposed in Section 1.
Given the strategies for TDS simplification at different levels of granularity, Table 5 shows some interesting results. First, the fine-grained strategy (iTDS) outperforms the coarse-grained strategy (rTDS) as a whole, indicated by the greater mean values of evaluation measures, especially for the g-measure.
For example, the g-measure mean values of the rTDS with Naïve Bayes are 0.552, 0.592 and 0.594, respectively, but they are 0.611, 0.610 and 0.610 for the iTDS, respectively. Second, the result of the riTDS is approximately on the borderline between the rTDS and the iTDS, as it is a combination of the two methods, whereas some f-measure mean values of the riTDS are even better for those prediction models built with Logistic Regression and Naïve Bayes. Third, three out of five predictors (i.e., those built with LR, NB and RF) present a better f-measure and g-measure mean values with the riTDS-2, in particular, when increasing the value of the parameter r. That is, the filter based on training set-driven filtering strategy may in general work better on the instance-level simplification. It is worthwhile to note that the value of the parameter k mentioned in Algorithm 1 (line 15 and 21) is set to 10 because the same assignment was used in the prior studies (Peters et al., 2013; Turhan et al., 2009) .
Regarding the necessity of TDS simplification, we then investigated the size of the final simplified TDS actually used to train defect predictors. As shown in Table 5 , the last three columns list the corresponding average number of instances in simplified TDS in each scenario. Although the effect of the riTDS method on prediction is not always distinct, it is more effective from the perspective of TDS simplification. More specifically, compared with the simplification at a single level of granularity, there is a several-fold decease in the number of useless instances with an increase of r, especially for the riTDS-2. Furthermore, it is obvious from Table 5 that a large increase in TDS's size (e.g., from 317 to 1222) does not significantly improve prediction performance, and sometimes it is just the opposite. That is, to a certain extent, the quality rather than the quantity of training data is a crucial factor that affects the performance of CPDP. This is one of our primary motivations to simplify the training data in this study.
To further investigate the practicability of our TDS simplification method, we compared the performance of the riTDS with the iTDS from the viewpoint of statistically significant difference. Table 6 presents the results of the Wilcoxon signed-rank test based on the null hypothesis that the medians of the two methods are identical (i.e., H 0 : µ 1 = µ 2 ). Obviously, the results highlight that there is no significant difference between the riTDS and the iTDS, indicated by all of the p > 0.05 cases for the five typical classifiers. In other words, this suggests that the riTDS method can achieve satisfactory performance under the premise of using fewer instances for training, compared with the benchmark method.
Moreover, the riTDS method with different filters can achieve better precision than the iTDS method. In Table 7 , it is clear that the degree of precision improvement of the riTDS-2 is Table 6 : A comparison between riTDS and iTDS. riTDS/iTDS represents the ratio of the mean of the former to that of the latter, and riTDS vs. iTDS means the Wilcoxon signed-rank test of the distribution of prediction results of the two methods in terms of f-measure and g-measure. The comparison between the groups riTDS-1 and riTDS-2 using f-measure (up) and g-measure (down) as the group division standard. The number of elements in the groups is counted among the 34 CPDP cases.
greater than that of the riTDS-1, and the results of the riTDS-2 with LR and SVM are more significant. Therefore, our TDS simplification method not only achieved a comparative fmeasure and g-measure values, but also significantly reduced the number of training instances and improved the performance in terms of precision. RQ2: Which classifier is more suitable for CPDP with our TDS simplification method?
The numbers in bold in Table 5 indicate that the predictor built with Naïve Bayes yields the best performance because of the greatest f-measure and g-measure mean values, followed by those built with Logistic Regression and J48. With regard to AUC value, Figure 6 further validates that Naïve Bayes is the best classifier and that Logistic Regression is an alternative in our context. However, J48 presents an obvious disadvantage because of its lower median AUC value, although it shows middling performance in terms of f-measure and g-measure mean values.
Interestingly, whichever level of granularity we select, the predictor built with SVM seems to have the worst performance, especially when using the rTDS method. Our results also validate the statement that simple learning algorithms tend to perform well for defect prediction (Hall et al., 2012) . In the literature (Herbold, 2013) , the author weighted the training instances, thus leading to a remarkable performance improvement by the SVM classifier. The reason why we did not take the weight of training data into account is that we focused primarily on understanding the differences between TDS simplification methods from the perspective of granularity (e.g., release-level vs. instance-level). Hence, we used the same data processing method for all classifiers under discussion, without considering specific optimization for any one of the classifiers.
In addition, for each scenario (r = 1, 2, 3), we divided the 34 CPDP cases into two groups according to their performance measures (f-measure and g-measure). That is, for the i th target release, if measure riT DS −1 ir > measure riT DS −2 ir , this CPDP is classified into the group riTDS-1; otherwise, it belongs to the group riTDS-2. We then compared the distribution of DPR values between the group riTDS-1 and the group riTDS-2 in terms of f-measure and g-measure. Figure 7 shows that for those predictions with Naïve Bayes, the group riTDS-1 has a significantly higher median DPR value than the group riTDS-2, and this trend is independent of the parameter r. Specifically, the median DPR values of the former are more than twice those of the latter. For example, the median DPR values of the two groups are 1.59 vs. 0.691 (f-measure) and 1.98 vs. 0.706 (gmeasure), respectively, when returning the top three releases as the set rTDS. In addition, J48 and SVM show a similar trend except in the scenario r = 3. The obvious difference in DPR values of CPDP is a meaningful insight into how to determine an appropriate filter for instance simplification in the riTDS. Therefore, the predictor built with Naïve Bayes is still the most suitable prediction model due to its ability to distinguish different filters. The discussion on filter selection in terms of DPR will be introduced in the following subsection.
RQ3: Which filter for TDS simplification should be preferable in a specific scenario? For different scenarios about r, on the basis of the aforementioned groups, Figure 8 shows the number of elements in each group. Although the results of LR and SVM are similar to each other, there are no universal patterns for all classifiers. The results indicate that some CPDP cases are indeed preferable to the riTDS-1, while others are yet apt to use the riTDS-2. For example, for all scenarios with J48, the group riTDS-1 has higher bars than the group riTDS-2 using both f-measure and g-measure as the group division standard, which, in turn, has more elements when using Random Forest except in the scenario r = 1. Thus, it is very clear that the above findings drawn from Figure 7 and Figure8 only show an overall difference between the two filters for instance simplification in CPDP (riTDS-1 and riTDS-2), but they cannot yet effectively help us make a reasonable decision on the choice of an appropriate filtering strategy.
To solve this problem, we first gathered the 102 (3 × 34 = 102) predictions used in our experiments, and then divided them into two groups according to the similar rule mentioned above. The groups riTDS-1 and riTDS-2 will be viewed as the actual observations in the following tasks. According to the DPR distribution in Figure 7 , we suppose that the riTDS-1 filter is recommended to a target release if its DPR value is not less than ρ; otherwise, the riTDS-2 filter is recommended. This assumption is named as ρ+. Thus, the value of accuracy is calculated using the Eq. (12), where T P and T N represent the correct recommendation for the groups riTDS-1 and riTDS-2 with a specific ρ, respectively. Note that, ρ ∈ [min, max], where min and max are the minimum and maximum DPR values among the 102 predictions. The higher the accuracy value is, the more reliable the choice of filters made by ρ. Figure 9 shows that the accuracy values reach a peak when ρ changes from the minimum to the maximum. With the optimal accuracy value, it is not hard to make a choice between the riTDS-1 filter and the riTDS-2 filter when using a specific classifier. That is, we can employ the parameter ρ as a corresponding threshold to determine the eventual choice of filtering strategies. Interestingly, each classifier has the same optimal ρ value using whichever measure as the group division standard. For example, with respect to Naïve Bayes, the riTDS-2 filter should be recommended if the DPR value of a target release is 1.0; otherwise, the riTDS-1 filter should be preferable if the value equals 1.5.
To further identify the appropriate threshold of the ρ value for each classifier, we conducted another experiment with the opposite assumption (named as ρ−). That is, the riTDS-2 filter is recommended to a target release if its DPR value is not less than ρ; otherwise, the riTDS-1 filter is recommended. In Figure 10 , the overall optimal accuracy values of four cases declined, in particular for the case of Naïve Bayes where the maximum values are only 0.52 and 0.59 when using f-measure and g-measure as the group division standard, respectively. In fact, these two results indicate the case in which all predictions used the riTDS-2 filter because 0.23 is the lowest DPR value. However, Logistic Regression achieves a higher accuracy and larger optimal ρ value according to +6.7 +24.0 +66.7 +16.0 +23.1 -2 (%) +52.4 +19.2 +16.7 +11.5 +28.0 the opposite assumption, which is consistent with the DPR distribution shown in Figure 7 . According to the results of Figure 9 and Figure 10 , the threshold of ρ used to determine the riTDS-1 filter for each classifier can be identified in Table  8 , whereas the corresponding complementary set is suitable for the riTDS-2 filter.
With the threshold of ρ, we compared the recommendation accuracy among the three cases with different filters: the riTDS-1 filter, the riTDS-2 filter, and filter selection determined by the DPR value. The results show that our approach increases the accuracy value, in particular for Logistical Regression, Naïve Bayes and SVM (see Figure 11 ). For example, compared with the filters riTDS-1 and riTDS-2, for Naïve Bayes, the riT DS − ρ filter achieves a marked increase in accuracy when using the f-measure and g-measure as the group division standard. The values in terms of different groupings grow by 40.8% and 30.2%, and 66.7% and 16.7%, respectively (see Table 9 ). The improvement of recommendation accuracy indicates that our approach to determining the appropriate filter for TDS simplification is feasible and outperforms the riTDS with a single type of filter.
To further validate the feasibility of our approach, we compared the prediction performance among the three cases in terms of f-measure and g-measure. Figure 12 shows that our approach achieves various degrees of improvement in the f-measure and g-measure values overall, in particular for the prediction built with Logistical Regression and Naïve Bayes when r is 2 and 3. Note that, the improvement is optimistic compared with the best case where the filter with the greater measure value is applied to a target release, although the degree of improvement does not seem to be great. In addition, we also compared the prediction precision of our approach with the two benchmark filters. Again, there is an overall growth trend for the five classifiers (see Table 10 ). This evidence suggests that our approach is also feasible in terms of prediction performance. 
Discussion
RQ1:
A larger amount of training data may not lead to a higher performance of CPDP, suggesting the necessity of simplifying training data. However, none of the existing methods take the levels of granularity of data into consideration, especially with regard to multiple granularity (e.g., the twostep strategy proposed in our paper), which is a key factor for building practical CPDP models. As we consider such a factor, our experimental results show that less instances are involved in training the predictors based on multiple levels of granularity compared with those based on a single level of granularity, with little loss of accuracy. The simplified TDS preserves the most relevant training instances, which is helpful to reduce the false alarms and build the quality predictors.
The prediction results of different predictors based on the methods rTDS, iTDS and riTDS were calculated without any feature selection techniques. That is, for the simplified TDS, all predictors were built with the twenty software metrics (viz. features). As shown in Figure 1 , this paper focuses on how to reduce data volumes in a TDS. If we applied feature selection techniques to building defect predictors, it is hard to distinguish what factor actually obtained the greater improvement on prediction performance. Therefore, we did not consider feature selection in our experiments. Additionally, the parameter r was set to no more than 3 because 8 out of 10 projects under discussion have no more than 4 releases available. That is, the majority of projects have to select no more than 3 releases as training data even if we conduct experiments on WPDP. Prior studies (He et al., 2012) have also used the same setting for the parameter r.
RQ2: As we know, Naïve Bayes has been validated as a robust machine learning algorithm for supervised software defect prediction problems in both WPDP and CPDP. Interestingly, our result is completely consistent with the conclusions drawn in the literature (Hall et al., 2012; Catal, 2011) , that is, Naïve Bayes outperforms the other typical classifiers within our CPDP context in terms of f-measure, g-measure and AUC. It is worthwhile to note that different prediction models were built based on these classifiers without specific optimization because in this study, we focused primarily on the levels of granularity and filtering strategies for TDS simplification. However, the performance differences between different prediction models indicate that simple classifiers, such as Naïve Bayes, can be preferable to training data of quality.
In addition, for DPR, different classifiers exhibit different abilities to distinguish the results of the two filters in question. For example, the group riTDS-1 has a higher median DPR value than the group riTDS-2 except Logistical Regression when the parameter r is 1. However, the opposite results occur using Logistical Regression and Random Forest when r is 2. J48 and SVM have the approximate median DPR values between the group riTDS-1 and the group riTDS-2 when r is 3, although they maintain a similar trend in the first two r values. However, the best ability of Naïve Bayes to distinguish the group riTDS-1 and the group riTDS-2 paves a way for the feasibility and generality of our approach proposed to answer RQ3. RQ3: As an alternative strategy, the training set-driven filter for TDS simplification is in general better than the test setdriven filter, which is consistent with the findings obtained in (Peters et al., 2013) . However, the authors did not analyze the specific application scenarios for each type of filter. We filled the gap in terms of recommendation accuracy based on DPR value, and found that the training set-driven filter is more suitable for those predictions with very low or very large DPR values when using J48, LR, and SVM classifiers. Conversely, a prediction with a middle DPR value is more likely to choose the training set-driven filter when using NB and RF classifiers. Note that, to make the right decision between the training set-driven filter and the test set-driven filter according to the value of DPR, we seek the optimal point ρ through gradually changing the value of DPR with an increment of max−min 100 . With regard to the threshold of ρ, we have to admit that we may obtain different thresholds for such an index if other formulas are used to evaluate the recommendation results. Nevertheless, we still obtained various valuable findings. For example, the test set-driven filter is preferable when the DPR value is between 1.38 and 2.11, and this range is suitable for all five of the classifiers in our context. Although there are no common ranges for training set-driven filter selection, our results still indicate that the practical guideline for the decisionmaking on which filtering strategy is suitable for instance selection indeed exists , and that it does improve the prediction performance of those predictors based on a single type of filter.
Threats to Validity
In this study, although we obtained several interesting findings according to the three research questions proposed in Section 1, some potential threats to the validity of our work still exist.
Threats to construct validity are primarily related to the data sets we used. All of the data sets were collected by Jureczko and Madeyski (Jureczko and Madeyski, 2010) and Jureczko and Spinellis (Jureczko and Spinellis, 2010) with the support of existing tools: BugInfo and Ckjm. These data sets have been validated and applied to several prior studies, though errors in the process of defect identification may exist. Therefore, we believe that our results are credible and can be reproduced. Additionally, we applied a log transformation to feature values before building defect predictors, and we cannot ensure that it is better than other preprocessing methods. The impact of data preprocessing on prediction performance is also an interesting problem that needs further investigation.
Threats to internal validity are mainly related to various learning algorithm settings in our study. For our experiments, although the k-nearest neighbors algorithm (KNN) was selected as the basic selection algorithm, we are aware that our results would change if we were to use a different method. However, to the best of our knowledge, both KNN and its variants were successfully applied to TDS simplification in several prior studies (Peters et al., 2013; Herbold, 2013) . Moreover, we did not implement specific optimization for any classifiers in question when building different prediction models because the goal of this experiment is not to improve the performance of a given classifier.
Threats to external validity could be related to the generality of the results to other on-line public data sets used for defect prediction, such as NASA and Mozilla. The data sets used in our experiments are chosen from a small subset of all projects in the PROMISE repository, and it is possible that we accidentally selected data sets that have better (or worse) than average CPDP performance, implying that some of our findings (e.g., the threshold of ρ for the five typical classifiers) might not be generalizable to other data sets.
Conclusion
TDS simplification, which filters out the irrelevant and redundant training data, plays an important role in building better CPDP models. This study reports an empirical study aiming at investigating the impact of the level of granularity and filtering strategy on TDS simplification. The study has been conducted on 34 releases of 10 open-source projects in the PROMISE repository and consists of (1) a comparison between multi-granularity and benchmark (single level of granularity) TDS simplification, (2) a selection of the best classifier in our context, and (3) an assessment of practical selection rules for the state-of-the-art filtering strategies for instance simplification.
The results indicate that the CPDP predictions based on the multi-granularity simplification approach (e.g., the two-step strategy proposed in our paper) capture competitive f-measure and g-measure values showing no statistically significant differences compared with those benchmark TDS simplification approaches, and that the size of simplified TDS was sharply reduced with an increase in the number of returned neighbors at the level of release. In addition, our results also show that more actually defective instances can be predicted by our method and that Naïve Bayes is more suitable for building predictors for CPDP with simplified TDS. Finally, the DPR index is useful in determining a proper filtering strategy when using the riTDS method, and the practical selection rule based on the DPR value does improve prediction performance to some extent.
Our future work will focus mainly on two aspects: on the one hand, we will collect more open-source projects (e.g., Eclipse and Mozilla) to validate the generality of our approach; on the other hand, we will further consider the number of defects of an instance to provide an effective TDS simplification method for CPDP.
